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1 Introduction

Digital images today are captured and reproduced using a plethora of different imag-
ing technologies (e.g. digital still cameras based on CMOS or CCD sensors, Plasma
or Liquid Crystal Displays, inkjet or laser printers). Evenwithin the same type of
imaging technology there are many parameters which influences the processes, re-
sulting in a large variation in the ”color behaviour” of these devices.

It is therefore a challenge to achieve color consistency throughout an image re-
production workflow, even more so since such image reproduction workflows tend
to be highly distributed and generally uncontrolled. This challenge is relevant for
a wide range of users, from amateurs of photography to professionals of the print-
ing industry. And as we try to advocate in this chapter, it is also highly relevant to
researchers within the field of image processing and analysis.

In the next section we introduce the field of cross-media color reproduction, in-
cluding a brief description of current standards for color management, the concept
of colorimetric characterization of imaging devices, and color gamut mapping. Then,
in Section 3 we focus on state of the art and recent research inthe characterization
of displays. In Section 4 we consider methods for inverting display characterization
models; this is an essential step in cross-media color reproduction, before discussing
quality factors, based on colorimetric indicators, brieflyin Section 5. Finally, in Sec-
tion 6 we draw some conclusions and outline some directions for further research.

2 Cross-media color reproduction

When using computers and digital media technology to acquire, store, process, and
reproduce images of colored objects or scenes, a digital color space is used, typically
RGB, describing each color as a combination of variable amountsof the primaries
red, green, and blue. Since most imaging devices “speak”RGBone may think that
there is no problem with this. However every individual device has its own definition
of RGB, that is, for instance for output devices such as displays, for the same input
RGBvalues, different devices will produce significantly different colors. It usually
suffices to enter the TV section of an home electronics store to be reminded of this
fact.

So therefore, theRGBcolor space is usually not standardized, and every individ-
ual imaging device has its own definition of it, i.e. its very own relationship between
the displayed or acquired “real-world” color and the correspondingRGBdigital color
space. Achieving color consistency throughout a complex and distributed color re-
production workflow with several input and output devices istherefore a serious
challenge; achieving such consistency defines the researchfield of cross-media color
reproduction.

The main problem is thus to determine the relationships between the different
devices’s color “languages,” analogously to colour “dictionaries.” As we will see
in the next subsections, a standard framework has been defined (color management
system), in which dictionaries (profiles) are defined for alldevices; between their
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native color language and a common, device-independent language. Defining these
dictionaries by characterizing the device’s behaviour is described in Section 2.2–2.2,
while Section 2.3 addresses the problem of when a device simply does not have rich
enough “vocabulary” to reproduce the colors of a certain image.

2.1 Color Management Systems

By calibrating color peripherals to a common standard, Color Management System
(CMS) software and architecture makes it easier to match colors that are scanned to
those that appear on the monitor and printer, and also to match colors designed on
the monitor, using for example CAD software, to a printed document. Color manage-
ment is highly relevant to persons using computers for working with art, architecture,
desktop publishing or photography, but also to non-professionals, as for example,
when displaying and printing images downloaded from the Internet or from a Photo
CD.

To obtain faithful color reproduction, a Color Management System (CMS) has
two main tasks. First, colorimetric characterization of the peripherals is needed, so
that thedevice-dependentcolor representations of the scanner, the printer, and the
monitor can be linked to adevice-independentcolor space, the Profile Connection
Space (PCS). This is the process ofprofiling. Furthermore, efficient means for pro-
cessing and converting images between different representations are needed. This
task is undertaken by the Color Management Module (CMM).

The industry adoption of new technologies such as CMS depends strongly on
standardization. The International Color Consortium (ICC,http://www.color.
org) plays a very important role in this concern. The ICC was established in 1993
by eight industry vendors for the purpose of creating, promoting and encouraging
the standardization and evolution of an open, vendor-neutral, cross-platform color
management system architecture and components.

For further information about color management system architecture, as well as
theory and practice of successful color management, refer to the ICC specification
[ICC, 2004] or any recent textbooks on the subject, such as “Color engineering”,
[Green and MacDonald, 2002].

Today there is wide acceptance of the ICC standards, and different studies such
as one by Schläpfer et al. [1998] have concluded that color management solutions
offered by different vendors are approximately equal, and that color management has
passed the breakthrough phase and can be considered a valid and useful tool in color
image reproduction.

However, there is still a long way to go, both when it comes to software de-
velopment (integration of CMS in operating systems, user-friendliness, simplicity,
etc.), research in cross-media color reproduction (bettercolor consistency, gamut
mapping, color appearance models, etc.), and standardization. Color management is
a very active area of research and development, though limited by our knowledge
on the human perception process. Thus in the next sections, we will briefly review
different approaches to the colorimetric characterization of image acquisition and
reproduction devices.
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2.2 Device colorimetric characterization

Successful cross-media color reproduction needs the calibration and the character-
ization of each color device. It further needs a color conversion algorithm, which
permits to convert color values from one device to another.

In the literature, the distinction between calibration andcharacterization can vary
substantially, but the main idea usually remains the same. For instance, some authors
will consider a tone response curve establishment as a part of the calibration, others
as a part of the characterization. These difference does notmean too much in practice
and is just a matter of terminology. Let us consider the following definition:

Thecalibration process put a device in a fixed state, which will not change with
time. For a color device, it consists in setting up the device. Settings can be position,
brightness, contrast, and sometimes primaries and gamma, etc.

Thecharacterization process can be defined as understanding and modeling the
relationship between the input and the output, in order to control a device for a given
calibration set-up. For a digital color device, this means either to understand the
relationship between a digital value input and a produced color for an output color
device (printer, display) or, in the case of an input color device (camera, scanner), to
understand the relationship between the acquired color andthe digital output value.
Usually, a characterization model is mostly static, and is relying on the capability of
the device to remain in a fixed state, thus on the calibration step.

As stated above, the characterization of a color device is a modeling step, which
permits to relate the digital value that characterizes the device and the actual color
defined in a standard color space, such asCIEXYZ.

There are different approaches to modeling a device.
One can consider aphysical approach, which will aim to determine a set of

physical parameters of a device, and uses these in a physicalmodel based on the
technology definition. Such an approach has been extensively used for CRT displays,
and also for cameras it is quite common. In this case, the resulting accuracy will
be constrained by how well the device fits the model hypothesis and how accurate
the related measurements were taken. Commonly a physical device model consists
in a two steps process. First, a linearization of the intensity response curves of the
individual channels, i.e. the relation between the digitalvalue and the corresponding
intensity of light. The second step is typically colorimetric linear transform (i.e. a
3x3 matrix multiplication). The characteristics of the colorimetric transform is based
on the chromaticity of the device primaries.

Another approach consists in fitting a data set with anynumerical model. In
this case, the accuracy will depend on the number of data, on their distribution and
on the interpolation method used. Typically a numerical model would require more
measurement, but would make no assumption on the device behavior. We can note
that the success of such a model will depend also on the capacity of the model to fit
with the technology anyway.

For a numerical method, depending on the interpolation method used, one have
to provide different sets of measures in order to optimize the model determination.
This implies to first define which color space is used to make all the measures. The
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CIEXYZcolor space seems at first to be the best choice considering that some nu-
merical method would use its vectorial space properties successfully, particularly
additivity, in opposition withCIELAB. An advantage is that it isabsoluteand can be
used as an intermediary color space to a uniform color space,CIELAB, which is rec-
ommended by theCIE for measuring the color difference when we will evaluate the
model accuracy (the∆E in CIELABcolor space). However, since we define the error
of the model, and often the cost function of the optimizationprocess as an Euclidean
distance inCIELAB, this color space can be a better choice.

These sets of measures can be provided using a specific (optimal) color chart,
or a first approach can be to use a generic color chart, which allows to define a first
model of characterization.

However, it has been shown that it is of major importance to have a good distri-
bution of the data everywhere in the gamut of the device and more particularly on the
faces and the edges of the gamut, which is roughly fitting withthe edges and faces of
theRGBassociated cube. These faces and edges define the color gamutof the color
device. The problem with acquisition device such as camerasis that the lighting con-
ditions are changing, and it is really hard to have a dedicated data set of patches
to measure for every possible conditions. Thus, optimal charts have been designed,
which color patches spectral characteristics are made in order not to relatively vary
with changing of a given number of illuminants [MAIER and RINEHART, 1990].1

Another possibility is that, based on a first rough or draft model, one can provide
an optimal data set to measure, which takes into account the non-linearity of the
input device. There are several methods to minimize errors due to the non-linear
response of devices. By increasing the number of patches, wecan tighten the mesh’s
sampling. This method can be use to reach a lower error. Unfortunately, it might not
improve much the maximum error. To reduce it, one can decide to over-sample some
particular area of the color space. The maximum error is on the boundaries of the
gamut, since there are fewer points to interpolate, and in the low luminosity areas, as
our eyes can easily see small color differences in dark colors. Finally, one can solve
this non-linearity problem by using a non-linear data set distribution, which provides
a quite regular sampling in theCIELABcolor space.

Characterization of input devices

An input device has the ability to transform color information of a scene or an orig-
inal object into digital values. A list of such devices wouldinclude digital still cam-
eras, scanners, camcorders, etc. The way it transforms the color information is usu-
ally based on (three) spectral filters with their highest transmission or resulting color
around a Red, Green and Blue part of the spectrum. The intensity for each filter will
be related to theRGBvalues. A common physical model of such a device is given as

ρ = f (ν) =
∫

L(λ )R(λ )S(λ )dλ , (1)

1COMMENT: .. With more or less success. This paragraph needs citation and improve-
ment, maybe redistribute a part to the next subsection? STILL?
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whereρ is the actual digital value output,ν is the non linearized value,L(λ ), R(λ ),
S(λ ) are the spectral power distribution of the illuminant, the spectral reflectance of
the object, and the spectral sensitivity of the sensor, including a color filter.

The input device calibration includes the setup of the time exposure, the illumi-
nation (for a scanner), the contrast setup, the color filters, etc.

In the case of input devices, let us call the forward transform the transform which
relates the acquired color with the digital value, e.g. conversion fromCIEXYZ to
RGB. Meanwhile the inverse transform will estimate the acquired color given digital
value caught by the device, e.g. converts fromRGBto CIEXYZ.

The input device characterization can be done using a physical modeling or a
combination of numerical methods. In the case of a physical modeling, the tone
response curves will have to be retrieved; the spectral transmission of the color fil-
ters may have to be retrieved too, in order to determine theirchromaticities, thus
establishing the linear transform between intensity linearized values and the digital
values. This last part requires usually a lot of measurements, and may requires the
use of a monochromator or an equivalent expensive tool. In order to reduce this set
of measurements, one need to make some assumptions and to setsome constraints to
solve the related inverse problem. Such constraints can be the modality of the spec-
tral response of a sensor or that the sensor response curve can be fitted with just a
few number of the first fourier coefficients [Barnard and Funt, 2002], [Sharma and
Trussell, 1993], [Sharma and Trussell, 1996], [Finlayson et al., 1998]. Such models
would mostly use theCIEXYZcolor space or another space which has the additivity
property.

Johnson [1996] gives advices to achieve a reliable color transformation for both
scanner and digital cameras. In this article, one can find diverse characterization pro-
cedures, based on the camera colorimetric evaluation usinga set of test images. The
best is to find a linear relationship to map the output values to the input target (each
color patch). The characterization matrix, once more, provides the transformation
applied to the color in the image. In many cases the regression analysis shows that
the first order linear relationship is not satisfactory and ahigher order relationship
or even non-linear processing is required (log data, gamma correction or S-shape for
example). Lastly, if a matrix cannot provide the transformation, then a LUT (Look
Up Table) will be used. Unfortunately, the forward transform can be complicated and
quite often produces artifacts [Johnson, 1996]. Possible solutions to the problems of
linear transformations encountered by Johnson are least-squares fitting, non linear
transformations or look-up-tables with interpolation. Inthe last case, any scanned
pixel can be converted into tristimulus values via the look-up-table(s) and interpola-
tion is used for intermediate points which do not fall in the table itself. This method
is convenient for applying a color transformation when a first order solution is not
relevant. It can have a very high accuracy level if the colorsare properly selected.

The colorimetric characterization of a digital camera was analyzed by Hong et al.
[2001]. An investigation was done to determine the influenceof the polynomial used
for interpolation and the possible correlation between theRGB channels. The chan-
nel independence allows us to separate the contribution of spectral radiance from
the three channels. Hong et al. [2001] also checked the precision of the model with
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respect to the training samples data size provided and the importance of the color pre-
cision being either 8 or 12 bits. According to the authors, there are two categories of
color characterization methods: either spectral sensitivity based (linking the spectral
sensitivity to the CIE color matching functions) or color target based (linking color
patches to the CIE color matching functions). These two solutions lead to the same
results, but the methods and devices used are different. Spectral sensitivity analy-
sis requires special equipment like a radiance meter and a monochromator; while a
spectrophotometer is the only device needed for the color target based solution. Typ-
ical methods like 3D lookup tables with interpolation and extrapolation, least square
polynomials modeling and neural networks can be used for thetransformation be-
tweenRGBandCIEXYZvalues, but in this article, polynomial regression is used.As
for each experiment only one parameter (like polynomial order, number of quanti-
zation levels, or size of the training sample) changes, the∆E∗

ab difference is directly
linked to the parameter.

Articles published on this topic are rare, but characterization of other input de-
vices with a digital output operates the same way. Noriega etal. [2001] and Gatt
et al. [2003] further propose different transformation techniques. These articles dis-
cuss the colorimetric characterization of a scanner and a negative film. In the first
article [Noriega et al., 2001], the authors decided to use least squares fitting, look
up tables and distance weighted interpolation. The originality comes from the use of
the Mahalanobis distance used to perform the interpolation. The second article [Gatt
et al., 2003] deals with the negative film characterization.Distance weighted inter-
polation, Gaussian interpolation neural networks and non-linear models have been
compared using Principal Component Analysis. In these respective studies, the mod-
els were trained with the Mahalanobis distance (still usingthe color difference as a
cost function) and neural networks.

Characterization of output devices

An output device will be any device that will reproduce a color. In this category fall
printers, projection systems, monitors.

In this case, the input to the device is a digital value, and wewill call the forward
transform the transform that predicts the color displayed for a given input, e.g.RGB
to CIEXYZ. The inverse or backward transform will then define which digital value
we have to input to the device to reproduce a wanted color, e.g. CIEXYZto RGB.

The characterization approach for the output devices and media is similar to that
of input devices. One have to determine a model based on a set of measured color
patches.

The main advantage of output devices is the fact that we coulddo a dynamic char-
acterization process, i.e. we may use a small set of color to yield a draft model, then
create an optimal color chart, which will allow an accurate color characterization of
the output device. With printers, this would require a bit ofmanual intervention, with
displays this could be fully dynamic and automatic.
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2.3 Color gamut considerations

A color gamut is the set of all colors that can be produced by a given device or that
are present in a given image. Although these sets are in principle discrete, gamuts
are most often represented as volumes or blobs in a 3D color space using a gamut
boundary descriptor [Bakke et al., 2010]. When images are tobe reproduced between
different devices, the problem of gamut mismatch has to be addressed. This is usually
referred to as color gamut mapping. There is a vast amount of literature about the
gamut mapping problem. Fortunately, much of this was summarized by Morovic and
Luo [2001].

To keep the image appearance, some constraints are usually considered while
doing a gamut mapping:

• Preserve the grey axis of the image and aim for maximum luminance contrast.
• Reduce the number of out of gamut colours.
• Minimize hue shifts.
• Increase the saturation.

CIELAB is one of the most often used color space for gamut mapping, but there
are deficiencies in the uniformity of hue angles in the blue region. To prevent this
shift, one can use Hung and Berns’ data to correct theCIELABcolor space [Braun
et al., 1998]. To map a larger source gamut into a smaller destination gamut of a
device with a reduced lightness dynamic range, often a linear lightness remapping
process is applied. It suffers from a global reduction in theperceived lightness con-
trast and an increase in the average lightness of the remapped image. It is of the
utmost importance to preserve the lightness contrast. An adaptive lightness rescaling
process has been developed by Braun and Fairchild [1999]. The lightness contrast
of the original scene is increased before the dynamic range compression is applied
to fit the input lightness range into the destination gamut. This process is known as
a sigmoidal mapping function, the shape of this function aids in the dynamic range
mapping process by increasing the image contrast and by reducing the low-end tex-
tural defects of hard clipping.

We can categorize different types of pointwise gamut mapping technics (See Fig-
ure 1); gamut clipping only changes the colours outside the reproduction gamut
while gamut compression changes all colours from the original gamut. The knee
function rescaling preserves the chromatic signal throughthe central portion of the
gamut, while compressing the chromatic signal near the edges of the gamut. The
sigmoid-like chroma mapping function has three linear segments; the first segment
preserves the contrast and colorimetry, the second segmentis a mid-chroma boost
(increasing chroma) and the last segment compresses the outof gamut chroma val-
ues into the destination gamut.

Spatial gamut mapping has become an active field of research in the recent years
[Kimmel et al., 2005, Farup et al., 2007]. In contrast to the conventional color gamut
mapping algorithms, where the mapping can be performed onceand for all and stored
as a look-up table, e.g., in an ICC profile, the spatial algorithms are image dependent
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Fig. 1. Scheme of typical gamut mapping techniques.

by nature. Thus, the algorithms have to be applied for every single image to be re-
produced, and make direct use of the gamut boundary descriptors many times during
the mapping process.

Quality assessment is also required for the evaluation of gamut mapping algo-
rithms, and extensive work has been carried out on subjective assessment [Dugay
et al., 2008]. This evaluation is long, tiresome, and even expensive. Therefore objec-
tive assessment methods are preferable. Existing work on this involves image quality
metrics, for example by Bonnier et al. [2008] and by Hardeberg et al. [2008]. How-
ever, these objective methods can still not replace subjective assessment, but can be
used as a supplement to provide a more thorough evaluation.

Recently, Alsam and Farup [2009] presented a novel, computationally efficient,
iterative, spatial gamut mapping algorithm. The proposed algorithm offers a compro-
mise between the colorimetrically optimal gamut clipping and the most successful
spatial methods. This is achieved by the iterative nature ofthe method. At iteration
level zero, the result is identical to gamut clipping. The more we iterate the more we
approach an optimal, spatial, gamut mapping result. Optimal is defined as a gamut
mapping algorithm that preserves the hue of the image colorsas well as the spatial
ratios at all scales. The results show that as few as five iterations are sufficient to
produce an output that is as good or better than that achievedin previous, compu-
tationally more expensive, methods. Unfortunately, the method also shares some of
the minor disadvantages of other spatial gamut mapping algorithms: halos and desat-
uration of flat regions for particularly difficult images. There is therefore much work
left to be done in this direction, and one promising idea is toincorporate knowledge
of the strength of the edges.
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3 Display color characterization

This section will study in depth display colorimetric characterization. Although
many books investigate color device characterization, they mostly focus on printers
or cameras, which have been far more difficult to characterize than displays dur-
ing the CRT era; thus, mostly a simple linear model and a gammacorrection were
addressed in books when considering displays. With the emergence of new tech-
nologies used to create newer displays in the last fifteen years, a lot of work has
been done concerning this topic, and a new bibliography and new methods have ap-
peared. Many methods have been borrowed from printers or camera though, but the
way to reproduce colors and the assumptions one can do are different when talking
about displays, so the results or the explanation of why a model is good or not are
slightly differents. We propose to discuss the state of the art and the major trends
about display colorimetric characterization in this section.

3.1 State of the art

Many color characterization methods or models exist; we canclassify them in three
groups. In a first one, we find the models, which tend to model physically the color
response of the device. They are often based on the assumption of independence
between channels and of chromaticity constancy of primaries. Then, a combination
of the primary tristimulus at the full intensity weighted bythe luminance response
of the display relatively to a digital input can be used to perform the colorimetric
transform. The second group can be called numerical models.They are based on
a training data set, which permits optimization of the parameters of a polynomial
function to establish the transform. The last category consists of 3D Look Up Table
(LUT) based models. Some other methods can be considered as hybrid. They can be
based on a dataset and assume some physical properties of thedisplay, such as in the
work of Blondé et al. [2009].

3D LUT models

The models in the 3D LUT group are based on the measurement of adefined number
of color patches, i.e. we know the transformation between the input values (i.e.RGB
input values to a display device) and output values (i.e.CIEXYZor CIELABvalues)
measured on the screen by a colorimeter or spectrometer in a small number of color
space locations (see Figure 2). Then this transformation isgeneralized to the whole
space by interpolation. Studies assess that these methods can achieve accurate results
[Bastani et al., 2005, Stauder et al., 2007], depending on the combination of the inter-
polation method used [Kasson et al., 1995, Amidror, 2002, Bookstein, 1989, Nielson
et al., 1997, Akima, 1970], the number of patches measured, and on their distribu-
tion [Stauder et al., 2007] (note that some of the interpolation methods cited above
cannot be used with a non-regular distribution). However, to be precise enough, a lot
of measurements are typically required, i.e. a 10×10×10 grid of patches measured
in Bastani et al. [2005]. Note that such a model is technologyindependent since no



Contents 13

assumptions are made about the device but that the display will always have the same
response at the measurement location. Such a model needs high storage capacity and
computational power to handle the 3D data. The computational power is usually not
a problem since Graphic Processor Units can perform this kind of task easily to-
day [Colantoni and Thomas, 2009]. The high number of measurements needed is a
greater challenge.

Fig. 2. 3D lookup table for a characterization process fromRGBto CIELAB.

Numerical models

The numerical models suppose that the transform can be approximated by a set of
equations, usually an n-order polynomial function. The parameters are retrieved us-
ing an n-order polynomial regression process based on measurements. The number
of parameters required involves a significant number of measurements, depending on
the order of the polynomial function [Green and MacDonald, 2002]. The advantage
of these models is that they take into account channel inter-dependence by applying
cross components factors in the establishment of the function [Katoh et al., 2001a,b,
Tamura et al., 2003]. More recently, an alternative method has been proposed by
Wen and Wu [2006] who removed the three-channel crosstalk from the model, con-
sidering that the inter-channel dependence is only due to two-channel crosstalk, thus
reducing the required number of measurements. They obtained results as accurate as
when considering the three-channel crosstalk.

Radial Basis Function (RBF) permits to use a sum of low order polynomials
instead of one high order polynomial and has been used successfully in different
works [Colantoni and Thomas, 2009], [Colantoni et al., 2005], [Stauder et al., 2006],
[Stauder et al., 2007]. Mostly polyharmonc splines are used, which include Thin
Plate Splines (TPS) that Sharma and Shaw [2006] used for printers too. TPS are a
subset of polyharmonic splines (bi-harmonic splines). Sharma and Shaw [2006] re-
called the mathematical framework and presented some applications and results for



14 Contents

printer characterization. They showed that using TPS, theyachieved a better result
than in using local polynomial regression. They showed thatby using a smoothing
factor, error in measurement impact can be avoided at the expense of the computa-
tional cost that optimize this parameter, similar results were observed by Colantoni
and Thomas [2009]. However, Sharma and Shaw [2006] did not study data distribu-
tion influence (but they stated that the data distribution can improve the accuracy in
their conclusion) neither the use of other kernels for interpolation. This aspect have
been studied by Colantoni and Thomas [2009], which main improvement were in the
optimization of the selection of the data used to build the model in an iterative way.

Physical models

Physical models are historically widely used for displays,since the CRT technology
follows well the assumptions cited above [Cowan and Rowell,1986, Berns et al.,
1993a, Brainard, 1989]. Such a model typically first aims to linearize the intensity
response of the device. This can be done by establishing a model that assumes the
response curve to follow a mathematical function, such as a gamma law for CRT
[Cowan, 1983, Berns et al., 1993b,a, Sharma, 2003], or a S-shaped curve for LCD
[Yoshida and Yamamoto, 2002, Kwak and MacDonald, 2000, Kwaket al., 2003].
Another way to linearize the intensity response curve is to generalize measurements
by interpolation along the luminance for each primary [Postand Calhoun, 1989]. The
measurement of the luminance can be done using a photometer.Some approaches
propose as well a visual response curve estimation, where the 50% luminance point
for each channel is determined by the user to estimate the gamma value [Cowan,
1983]. This method can be generalized to the retrieval of more luminance levels in
using half toned patches [Neumann et al., 2003, Mikalsen et al., 2008]. Recently
a method to retrieve the response curve of a projection device using an uncalibrated
camera has been proposed by Bala and Braun [2006], Bala et al.[2007] and extended
by Mikalsen et al. [2008]. Note that it has been assumed that the normalized response
curve is equivalent for all the channels, and that only the gray level response curve
can be retrieved. In the case of a doubt about this assumption, it is of use to retrieve
the three response curves independently. Since visual luminance matching for the
blue channel is a harder task, it is of use to perform an intensity matching for the red
and green channel, and a chromaticity matching or gray balancing for the blue one
[Klassen et al., 2005]. This method should not be used with projectors though, since
they show a large chromaticity shift with the variation of input for the pure primaries.

A model has been defined by Wyble and Zhang [2003], Wyble and Rosen [2004]
for DLP projectors using a white segment in the color wheel. In their model, the char-
acteristics of the luminance of the white channel is retrieved with regard to additive
property of the display, given the four-tuplet(R,G,B,W) from an input(dr ,dg,db).

The second step of these models is commonly the use of a 3×3 matrix containing
primary tristimulus values at full intensity to build the colorimetric transform from
luminance to an additive independent color space. The primaries can be estimated by
measurement of the device channels at full intensity, usinga colorimeter or a spectro-
radiometer, assuming their chromaticity constancy. In practice this assumption does
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not hold perfectly, and the model accuracy suffers from that. The major part of the
non constancy of primaries can be corrected by applying a black offset correction
[Jimenez Del Barco et al., 1995]. Some authors tried to minimize the chromaticity
non-constancy in finding the best chromaticity values of primaries (optimizing the
components of the 3×3 matrix) [Day et al., 2004]. Depending on the accuracy re-
quired, it is also possible to use generic primaries such assRGB[Anderson et al.,
1995] for some applications [Bala and Braun, 2006, Bala et al., 2007], or data sup-
plied by the manufacturer [Cowan, 1983]. However, the use ofa simple 3×3 matrix
for the colorimetric transform leads to inaccuracy due to the lack of channel indepen-
dence and of chromaticity constancy of primaries. An alternative approach has been
derived in the masking model and modified masking model, which takes into account
the cross-talk between channels [Tamura et al., 2003]. Furthermore, the lack of chro-
maticity constancy can be critical, particularly for LCD technology, which has been
shown to fail this assumption [Brainard et al., 2002, Kwak and MacDonald, 2000].
The Piecewise Linear assuming Variation in Chromaticity (PLVC) [Farley and Gut-
mann, 1980] is not subject to this effect, but has not been widely used since Post and
Calhoun [1989] demonstrated that among the models they tested in their article, the
PLVC and the Piecewise Linear assuming Chromaticity Constancy (PLCC) models
were of equivalent accuracy for the CRT monitors they tested. The last one requiring
less computation, it has been more used than the former one. These results have been
confirmed in studies on CRT technology [Post and Calhoun, 1989, 2000], especially
with a flare correction [Jimenez Del Barco et al., 1995, Thomas et al., 2008a]. On
DLP technology when there is a flare correction, results can be equivalent [Thomas
et al., 2008a]. However, the PLVC can give better results on LCDs [Thomas et al.,
2007, 2008a].

Other models exist, such as the 2-steps parametric model proposed by [Blondé
et al., 2009]. This model assumes separation between chromaticity and intensity, and
is shown to be accurate, with average∆E∗

ab’s around 1 or below for one DLP projec-
tor and a CRT monitor. The luminance curve is retrieved, as for other physical mod-
els, but the colorimetric transform is based on 2D interpolation in the chromaticity
plane based on a set of saturated measured colors.

The case of subtractive displays

An analog film projection system in a movie theater was studied by Alleysson and
Susstrunk [2002]. A Minolta CS1000 spectrophotometer was used to find the link
between the RGB colors of the image and the displayed colors.For each device, red,
green, blue, cyan, magenta, yellow and grey levels were measured. The low lumi-
nosity levels didn’t allow a precise color measurement withthe spectrophotometer
at their disposal. For the 35 mm projector, it was found that the color synthesis is
not additive, since the projection is based on a subtractivemethod. It is difficult to
model the transfer function of this device, the measures cannot be reproduced as both
measure and projection angles change, moreover, the luminance is not the same all
over the projected area. The subtractive synthesis, by removing components from the
white source, cannot provide the same color sensation as a cinema screen or a com-
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puter screen, which are based on additive synthesis of red, green and blue compo-
nents. Subtractive cinema projectors are not easy to characterize as the usual models
are for additive synthesis. The multiple format transformations and data compression
led to data lost and artifacts.

Ado [2002] shows the gamut differences between CRT monitors(RGBadditive
method) and printed films (CMY dyes subtractive method). The main problem for a
physical modeling is the tone shift. In a matching process from a CRT to a film, both
gamut difference and mapping algorithm are important. During the production step,
the minor emulsion changes and chemical processes can vary and then make small
shifts on the prints, leading to a shift on the whole production. An implementation
of a 3D LUT was successfully applied to convert color appearance from CRT to film
display.

3.2 Physical models

Display color characterization models

Physical models are easily invertible, do not require a lot of measurements, require
a little computer memory, and do not require high computing power so they can be
used in real time. Moreover, the assumptions of channel independence and chro-
maticity constancy are appropriate for the CRT technology.However, these assump-
tions (and others such as spatial uniformity, both in luminance and in chromatic-
ity, view angle independence, etc.) do not fit so well with some of today’s display
technologies. For instance the colorimetric characteristic of a part of an image in a
Plasma Display is strongly dependent of what is happening inthe surrounding [Choi
et al., 2007] for energy economy reasons. In LC technology, which has become the
leader for displays market, these common assumptions are not valid. Making such
assumptions can reduce drastically the accuracy of the characterization. For instance,
a review of problems faced in LC displays has been done by Yoshida and Yamamoto
[2002]. Within projection systems, the large amount of flareinduces a critical chro-
maticity shift of primaries.

In the same time, the computing power has become less and lessa problem.
Some models not used in practice because of their complexitycan now be highly
beneficial for display color characterization. This section provides definitions, anal-
ysis and discussion about display color characterization models. We do not detail
hybrid methods or numerical methods in this section becausethey show less interest
for modelling purpose, and we do prefer to refer the reader tothe papers cited above.
3D LUT based method are more considered in the part concerning model’s inversion.

In 1983, Cowan [1983] wrote what is considered to be the pioneer article in
the area of physical models for display characterization. In this work, the author
stated that a power function can be used, but is not the best tofit with the luminance
response curve of a CRT device. Nevertheless, the well known”gamma” model that
considers a power function to approximate the luminance response curve of a CRT
display is still currently widely used.
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Whichever shape the model takes, the principle remains the same. First, it esti-
mates the luminance response of the device for each channel,using a set of functions
monotonically increasing such as Equation 2. Note that the results of these functions
can also be estimated with any interpolation method, since the problem of mono-
tonicity that can arise during the inversion process is taken into account. This step is
followed by a colorimetric transform.

Response curve retrieval

We review here two types of models. The models of the first typeare based on func-
tions, the second type is the PLCC model. This model is based on linear interpolation
of the luminance response curve and its accuracy has been demonstrated by Post and
Calhoun [1989] who found it the best among the models they tested (except in front
of the PLVC model for chromatic accuracy).

For function based model, the function used is the power function for CRT de-
vices, which is still the most used, even if it has been shown that it does not fit well
LC technology [Fairchild and Wyble, 1998]. It has been shownthat for other tech-
nologies, there is no reason to try to fit the device response with a gamma curve,
especially for LCD technology that shows a S-shape responsecurve in most cases
(Figure 3) and a S-curve model can be defined [Yoshida and Yamamoto, 2002, Kwak
and MacDonald, 2000, Kwak et al., 2003]. However, the gamma function is still of-
ten used, mainly because it is easy to estimate the response curve with a few number
of measurements, or using estimations with a visual matching pattern.

The response in luminance for a set of digital values input tothe device can be
expressed as follows:

YR = fr(Dr)
YG = fg(Dg)
YB = fb(Db),

(2)

wherefr , fg and fb are functions that give theYR,YG andYB contribution in luminance
of each primary independently for a digital inputDr ,Dg,Db. Note that for CRT de-
vices, after normalization of the luminance and digital value, the function can be the
same for each channel. This assumption is not valid for LCD technology [Sharma,
2002], and is only a rough approximation for DLP based projection systems, as seen
for instance in the work of Seime and Hardeberg [2003].

For a CRT, for the channelh∈ {r,g,b}, this function can be expressed as :

YH = (ahdh+bh)
γh, (3)

whereH ∈ {R,G,B} is the equivalent luminance from a channelh ∈ {r,g,b} for a
normalized digital inputdh, with dh =

Dh
2n−1. Dh is the digital value input to a channel

h andn is the number of bits used to encode the information for this channel.ah is
the gain andbh is the internal offset for this channel. These parameters are estimated
empirically using a regression process.

This model is called Gain-Offset-Gamma (GOG) [Berns, 1996,CIE, 1996, Katoh
et al., 2001b]. If we make the assumption that there is no internal offset and no gain,
a= 1 andb= 0, it becomes the simple ”gamma” model.
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Fig. 3. Response curve inX, Y andZ for an LCD display in function of the digital input for
respectively the red(a), green(b) and blue(c) channel.

Note that for luminance transforms, polynomials can be fitted better in the log-
arithmic domain or to cube root function than in the linear domain because the
eye response to signal intensity is logarithmic (Weber’s law). For gamma based
models, it has been shown that a second order function with two parameters such
asLog(YH) = bh × Log(dh) + ch × (Log(dh))

2 2 gives better results[Cowan, 1983]
and that two gamma curves should be combined for a better accuracy in low lumi-
nance[Arslan et al., 2003].

For a LCD, it has been shown by Kwak and MacDonald [2000], Kwaket al.
[2003] that a S-shape curve based on 4 coefficients per channel can fit well the in-
tensity response of the display.

YH = Ah×gh(dh) = Ah×
dαh

h

dβh
h +Ch

, (4)

with the same notation as above, and withAh, αh, βh andCh parameters obtained
using the least-squares method. This model is called S-curve I.

The model S-curve II considers the interaction between channels. It has been
shown in [Kwak and MacDonald, 2000, Yoshida and Yamamoto, 2002, Kwak et al.,
2003] that the gradient of the original S-curve function fitsthe importance of the

2Note that Post and Calhoun [1989] added a term to this equation, which became
Log(YH ) = a+bh×Log(dh)+ch.(Log(dh))

2.
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interaction between channels. Then this component can be included in the model in
order to take this effect into account.

YR = Arr ×gYRYR(dr)+Arg×g′YRYG
(dg)+Arb×g′YRYB

(db),

YG = Agr ×g′YGYR
(dr)+Agg×gYGYG(dg)+Agb×g′YGYB

(db),

YB = Abr ×g′YBYR
(dr)+Abg×g′YBYG

(dg)+Abb×gYBYB(db),
(5)

whereg(d) and its first-order derivativeg′(d) are

g(d) =
dα

dβ +C
, g′(d) =

(α −β )xα+β−1+αCxα−1

(xβ +C)2
. (6)

To ensure the monotonicity of the functions for the S-curve models I and II,
some constraints on the parameters have to be applied. We letthe reader to refer to
the discussion in the original article [Kwak et al., 2003] for that matter.

For the PLCC model, the functionf is approximated by a piecewise linear
interpolation between the measurements. The approximation is valid for a large
enough amount of measurements (16 measurements per channelin Post and Calhoun
[1989]). This model is particularly useful when no information is available about the
shape of the display luminance response curve.

Colorimetric transform

A colorimetric transform is then performed from the(YR,YG,YB) ”linearized” lumi-
nance to theCIEXYZcolor tristimulus.





X
Y
Z



=





Xr,max Xg,max Xb,max

Yr,max Yg,max Yb,max

Zr,max Zg,max Zb,max



×





YR

YG

YB



 (7)

where the matrix components are the tristimulus colorimetric values of each primary,
measured at their maximum intensity.

Using such a matrix for the colorimetric transform supposesperfect additivity
and chromaticity constancy of primaries. These assumptions have been shown to be
acceptable for CRT technology [Cowan and Rowell, 1986, Brainard, 1989].

The channel inter-dependence observed in CRT technology ismainly due to an
insufficient power supply and an inaccuracy of the electron beams, which meet in-
accurately the phosphors [Katoh et al., 2001a]. In LC technology, it comes from the
overlapping of the spectral distribution of primaries (thecolor filters), and from the
interferences between the capacities of two neighboring sub pixels [Seime and Hard-
eberg, 2003, Yoshida and Yamamoto, 2002]. In DLP-DMD projection devices, there
is still some overlapping between primaries and inaccuracyat the level of the DMD
mirrors.

Considering the assumption of chromaticity constancy, it appears that when there
is a flare [Katoh et al., 2001a], either a black offset (internal flare) or an ambient
flare (external flare), added to the signal, the assumption ofchromaticity constancy
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is not valid anymore. Indeed, the flare is added to the output signal and the lower
the luminance level of the primaries, the more the flare is a significant fraction of
the resulting stimulus. This leads to a hue shift toward the black offset chromaticity.
Often the flare has a ”gray” (nearly achromatic) chromaticity, thus the chromaticities
of the primaries shift to a ”gray” chromaticity (Figure 4, left part). Note that the
flare ”gray” chromaticity does not necessarily correspond to the achromatic point of
the device (Figure 4). In fact, in the tested LCD devices (Figure 4, a, b, e, f), we
can notice the same effect as in the work of Marcu et al. [2001]: the black level
chromaticity is bluish because of the poor filtering power ofthe blue filter in the low
wavelength.

The flare can be taken all at once as the measured light for an input(dr,k,dg,k,db,k)=
(0,0,0) to the device. Then it includes ambient and internal flare.

The ambient flare comes from any light source reflecting on thedisplay screen.
If the viewing conditions do not change it remains constant,can be measured and
taken into account, or can be simply removed in setting up a dark environment (note
that for a projection device, there is always an amount of light that lights the room,
coming from the bulb through the ventilation hole).

The internal flare, which is the major part of chromaticity inconstancy at least
in CRT technology [Katoh et al., 2001a], is coming from the black level. In CRT
technology, it has been shown that in setting the brightnessto a high level, the black
level increases to a non-negligible value [Katoh et al., 2001a]. In LC technology, the
panel let an amount of light passing through due to a leakage of the crystal to stop all
the light. In DLP technology, an amount of light can be not absorbed by the ”black
absorption box”, and is focused on the screen via the lens.

On Figure 4, one can see the chromaticity shift to the flare chromaticity with the
decreasing of the input level. We have performed these measurements in a dark room,
then the ambient flare is minimized, and only the black level remains. After black
level subtraction, the chromaticity is more constant (Figure 4), and a new model can
be set up in taking that into account [Jimenez Del Barco et al., 1995, Hardeberg et al.,
2003, Katoh et al., 2001a,b].

The gamma models reviewed above have been extended in addingan offset term.
Then the GOG can become a Gain-Offset-Gamma-Offset (GOGO) model [Katoh
et al., 2001a,b, IEC:61966-3, 1999].

The previous equation 2 becomes:

YH = (ahdh+bh)
γh + c, (8)

wherec is a term containing all the different flares in presence. If we consider the in-
ternal offsetbh as null, the model becomes Gain-Gamma-Offset (GGO) [IEC:61966-
3, 1999].

A similar approach can be used for the PLCC model. When the black correction
[Jimenez Del Barco et al., 1995] is performed, we name it PLCC* in the follow-
ing. The colorimetric transform used then is the Equation 9 that permits to take the
flare into account during the colorimetric transformation.For the S-curve models,
the black offset is taken into account in the matrix formulation in the original papers.
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(a) abc

Fig. 4. Chromaticity tracking of primaries with variation of intensity. The left part of the figure
shows it without black correction. On the right, one can see the result with a black correction
performed. All devices tested in our PLVC model study are shown, a-PLCD1, b-PLCD2, c-
PDLP, d-MCRT, e-MLCD1, f-MLCD2. Figures from [Thomas et al., 2008a].
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(b) def

Fig. 4. Chromaticity tracking of primaries with variation of intensity. The left part of the figure
shows it without black correction. On the right, one can see the result with a black correction
performed. All devices tested in our PLVC model study are shown, a-PLCD1, b-PLCD2, c-
PDLP, d-MCRT, e-MLCD1, f-MLCD2. Figures from [Thomas et al., 2008a]
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If we consider that mathematically, the linear transform from the linearizedRGB
to CIEXYZneeds to associate the origin ofRGBto the origin ofCIEXYZin order to
respect the vectorial space property of additivity and homogeneity. Thus the original
transform of the origin ofRGBto CIEXYZneeds to be translated of[−Xk−Yk−Zk].
However, in doing that we modify the physical reality and we need to translate the
result of the transformation of[XkYkZk]. We can formulate these transforms such as
in Equation 9.





X
Y
Z



=





Xr,max−Xk Xg,max−Xk Xb,max−Xk Xk

Yr,max−Yk Yg,max−Yk Yb,max−Yk Yk

Zr,max−Zk Zg,max−Zk Zb,max−Zk Zk



×









YR

YG

YB

1









(9)

TheAk’s, A∈ {X,Y,Z}, come from a black level estimation.
Such a correction permits to achieve better results. However, on the right part of

Figure 4, one can see that even with the black subtraction, the primary chomaticities
do not remain perfectly constant. On Figure 4, right-a, it remains a critical shift
especially for the green channel.

Several explanations are involved. First, there is a technology contribution. For
LC technology, the transmittance of the cells of the panel changes within the input
voltage [Yeh and Gu, 1999, Brainard et al., 2002]. This leadsto a chromaticity shift
when changing the input digital value. For different LC displays, we notice a differ-
ent shift in chromaticity; this is due to the combination back-light/LC with the color
filters. Since the filters transmittances are optimized taking into account the trans-
mittance shift of the LC cells, the display can achieve good chromaticity constancy.
For CRT, there are less problems due to the same phosphors properties, as well for
DLP as the light and the filters remain the same.

However, even with the best device, there is still a small amount of non-
constancy. This leads to a discussion about the accuracy of the measured black offset.
Indeed, the measurement devices are less accurate in the lowluminance. Berns et al.
[2003] proposed a way to estimate the best black offset value. A way to overcome
the problems linked with remaining inaccuracy for LCD devices has been presented
by Day et al. [2004]. It consists in the replacement of the full intensity measurement
of primary chromaticities colorimetric values by the optimum values in the colori-
metric transformation matrix. It appears that the chromaticity shift is a major issue
for LCD. Sharma [2002] stated that for LCD devices the assumption of chromaticity
constancy was weaker than the channel inter-dependence.

More models that linearize the transform exist. In this section we presented the
ones that appeared to us as the more interesting, or the more known.

Piecewise Linear model assuming Variation in Chromaticity

Defining the Piecewise Linear model assuming Variation in Chromaticity (PLVC) in
this section has many motivations. First, it is the first display color characterization
model introduced in the literature as far as we know. Secondly, it is an hybrid method,
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considering that it is based on data measurement and assumesa small amount of
hypothesis on the behavior of the display. Finally there is asection in next chapter
devoted to the study of this model.

According to Post and Calhoun [1989], the first persons who have introduced
the PLVC were Farley and Gutmann [1980] in 1980. Note that it preceded the well
known article from Cowan [1983]. Further studies have been performed afterward
on CRT [Post and Calhoun, 1989, 2000, Jimenez Del Barco et al., 1995], and re-
cently on more recent technologies [Thomas et al., 2007, 2008a]. This model does
not consider the channel inter-dependence, but does model the chromaticity shift of
the primaries. In this section, we recall the principles of this model, and some fea-
tures that characterize it.

Knowing the tristimulus values ofX, Y, andZ for each primary as a function of
the digital input, assuming additivity, the resulting color tristimulus values can be
expressed as the sum of tristimulus values for each component (i.e. primary) at the
given input level. Note that in order not to add several timesthe black level, it is
removed from all measurements used to define the model. Then,it is added to the
result, to return to a correct standard observer color space[Jimenez Del Barco et al.,
1995, Post and Calhoun, 2000]. The model is summarized and generalized in Equa-
tion (10) forN primaries, and illustrated in Equation (11) for a three primariesRGB
device, following an equivalent formulation as the one given by Jimenez Del Barco
et al. [1995].

For anN primary device, we consider the digital input to theith primary,di(mi),
with i an integer∈ [0,N], andmi an integer limited by the resolution of the device
(i.e.mi ∈ [0,255] for a channel coded on 8 bits). Then, a colorCIEXYZ(...,di(mi), ...)
can be expressed by :

X(...,di(mi), ...) = ∑i=N−1
i=0, j=mi

[X(di( j))−Xk]+Xk

Y(...,di(mi), ...) = ∑i=N−1
i=0, j=mi

[Y(di( j))−Yk]+Yk

Z(...,di(mi), ...) = ∑i=N−1
i=0, j=mi

[Z(di( j))−Zk]+Zk

(10)

with Xk,Yk,Zk the color tristimulus coming out from a(0, ...,0) input.
We illustrate this for a three primariesRGBdevice, with each channel coded on

8 bits. The digital input aredr(i), dg( j), db(l), with i, j, l integers∈ [0,255]. In this
case, aCIEXYZ(dr(i),dg( j),db(l)) can be expressed by :

X(dr(i),dg( j),db(l)) = [X(dr(i))−Xk]+ [X(dg( j))−Xk]+ [X(db(l))−Xk]+Xk

Y(dr(i),dg( j),db(l)) = [Y(dr(i))−Yk]+ [Y(dg( j))−Yk]+ [Y(db(l))−Yk]+Yk

Z(dr(i),dg( j),db(l)) = [Z(dr(i))−Zk]+ [Z(dg( j))−Zk]+ [Z(db(l))−Zk]+Zk
(11)

If the considered device is aRGBprimaries device, thus the transformation be-
tween digitalRGBvalues andRGBdevice’s primaries is as direct as possible. The
Ak, A ∈ {X,Y,Z} are obtained by accurate measurement of the black level. The
[A(di( j))−Ak], are obtained by one dimensional linear interpolation withthe mea-
surement of a ramp along each primary. Note that any 1-D interpolation method can
be used. In the literature, the piecewise linear interpolation is mostly used.



Contents 25

Studies of this model have shown good results, especially ondark and mid-
luminance colors. When the colors reach higher luminance, the additivity assump-
tion is less true for CRT technology. Then the accuracy decreases (depending on
the device properties). More precisely, Post and Calhoun [1989, 2000] stated that
chromaticity error is lower for the PLVC than for the PLCC in low luminance. This
is due to the setting of primaries colorimetric values at maximum intensity in the
PLCC. Both models show inaccuracy for high luminance colorsdue to channel inter-
dependence. Jimenez Del Barco et al. [1995] found that for CRT technology, the
higher level of brightness in the settings leads to a non-negligible amount of light
for a (0,0,0) input. This light should not be added three times, and they proposed a
correction for that3. They found that the PLVC model was more accurate in medium
to high luminance colors. Inaccuracy is more important in low luminance, due to
inaccuracy of measurements, and in high luminance, due to channel dependencies.
Thomas et al. [2008a] demonstrated that this model is more accurate than usual lin-
ear models (PLCC, GOGO) for LCD technology, since it takes into account the chro-
maticity shift of primaries that is a key features for characterizing this type of display.
More results for this model are presented in the next chapter.

4 Model inversion

4.1 State of the art

The inversion of a display color characterization model is of major importance for
color reproduction since it provides the set of digital values to input to the device in
order to display a desired color.

Among the models or methods used to achieve color characterization, we can dis-
tinguish two categories. The first one contains models that are practically invertible
(either analytically, or in using simple 1D LUT)[Cowan and Rowell, 1986, Post and
Calhoun, 1989, Berns et al., 1993b,a, Jimenez Del Barco et al., 1995, Katoh et al.,
2001a,b], such as the PLCC, the black corrected PLCC*, the GOG or GOGO mod-
els. The second category contains the models or methods, which are not practically
invertible directly. and that show difficulties to be applied. Models of this second
category require other methods to be inverted in practice. We can list some typical
problems and methods used to invert these models:

• Some conditions have to be verified, such as in the masking model [Tamura et al.,
2003].

• A new matrix might have to be defined by regression in numerical models [Katoh
et al., 2001a,b, Green and MacDonald, 2002, Wen and Wu, 2006].

• A full optimization process has to be set up for each color, such as in S-curve
model II [Kwak and MacDonald, 2000, Kwak et al., 2003] in the modified mask-
ing model, [Tamura et al., 2003] or in the PLVC model [Post andCalhoun, 1989,
Jimenez Del Barco et al., 1995, Thomas et al., 2008b].

3Equation 10 and Equation 11 are based on the equation proposed by Jimenez Del Barco
et al. [1995], and take that into account.
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• The optimization process can appear only for one step of the inversion process, as
in the PLVC [Post and Calhoun, 1989] or in the S-curve I [Kwak and MacDonald,
2000, Kwak et al., 2003] models.

• Empirical methods based on 3-D LUT (lookup table) can be inverted directly
[Bastani et al., 2005], using the same geometrical structure. In order to have a
better accuracy, however, it is common to build another geometrical structure to
yield the inverse model. For instance, it is possible to build a draft model to define
a new set of color patches to be measured [Stauder et al., 2007].

The computational complexity required to invert these models makes them seldom
used in practice, except the full 3-D LUT, which major drawback is that it requires
a lot of measurements. However, these models do have the possibility to take into
account more precisely the device color-reproduction features, such as interaction
between channels or chromaticity inconstancy of the primaries. Thus, they are often
more accurate than the models of the first category.

4.2 Practical inversion

Models such as the PLCC, the black corrected PLCC*, the GOG orGOGO models
[Cowan and Rowell, 1986, Post and Calhoun, 1989, Berns et al., 1993b,a, Jimenez
Del Barco et al., 1995, Katoh et al., 2001a,b] are easily inverted since they are based
on linear algebra and on simple functions. For these models it is sufficient to invert
the matrix of Equation 7. Then we have:





YR
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Once the linearized{YR,YG,YB} have been retrieved, the intensity response curve
function is inverted as well to retrieve the{dr ,dg,db} digital values. This task is
easy for a gamma based model or for an interpolation based one. However, for some
models such as the S-curve I, an optimization process can be required (note that this
response curve can be used to create a 1D LUT).

4.3 Indirect inversion

When the inversion becomes more difficult, it is of use to set an optimization process
using the combination of the forward transform and the colordifference (often the
euclidean distance) in a perceptually uniform color space,such asCIELAB, as cost
function. This generally leads to better results than usuallinear models, depending
on the forward model, but is computationally expensive, andcan not be implemented
in real time. It is then of use to set a 3-D LUT based on the forward model. Note that
it does not mean that an optimization process is useless, since it can help to design a
good LUT.

Such a model is defined by the number and the distribution of the color patches
used in the LUT, and by the interpolation method used to generalize the model to
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the entire space. In this subsection, we review some basic tools and methods. We
distinguish works on displays from more general works, which have been performed
in this way either in a general purpose or especially for printers. One of the major
challenge for printers is the problem of measurement, whichis really restrictive, and
many works have been carried out in using a 3-D LUT for the color characterization
of these devices. Moreover, since printer devices are highly non-linear, their colori-
metric models are complex. So it has been customary in the last decade to use a 3-D
complex LUT for the forward model, created by using an analytical forward model,
both to reduce the amount of measurements and to perform the color space trans-
form in a reasonable time. The first work we know about creating a LUT based on
the forward model is a patent from Stokes [1997]. In this work, the LUT is built to
replace the analytical model in the forward direction. It isbased on a regular grid
designed in the printerCMY color space, and the same LUT is used in the inverse
direction, simply in switching the domain and co-domain. Note that in displays, the
forward model is usually computationally simple and that weneed only to use a 3-
D LUT for the inverse model. The uniform mapping of theCMY space leads to a
non-uniform mapping inCIELABspace for the inverse direction, and it is common
now to re-sample this space to create a new LUT. To do that, a new grid is usually
designed inCIELABand is inverted after gamut mapping of the points located out-
side the gamut of the printer. Several algorithms can be usedto re-distribute the data
[Chan et al., 1997, Groff et al., 2000, Dianat et al., 2006] and to fill the grid [Shepard,
1968, Balasubramanian and Maltz, 1996, Viassolo et al., 2003].

Returning to displays, let us call source space the independent color-space (typ-
ically CIELABor alternativelyCIEXYZ), the domain from where we want to move,
and destination space, theRGBcolor space, the co-domain, where we want to move
to. If we want to build a grid, we then have two classical approaches to distribute the
patches in the source space, using the forward model. One canuse directly a regular
distribution inRGBand transform it toCIELAB using the forward model; this ap-
proach is the same as used by [Stokes, 1997] for printers, andleads to a non-uniform
mapping of theCIELABspace, which can lead to a lack of homogeneity of the in-
verse model depending on the interpolation method used (SeeFigure 5). An other
approach can be to distribute the patches regularly inCIELAB, following a given
pattern, such as an hexagonal structure [Stauder et al., 2007] or any of the methods
used in printers [Chan et al., 1997, Groff et al., 2000, Dianat et al., 2006]. Then, an
optimization process using the forward model can be performed for each point to
find the correspondingRGBvalues. The main idea of the method and the notation
used in this document are the following:

• One can define a regular 3-D grid in the destination color space (RGB).
• This grid defines cubic voxels. Each one can be split into five tetrahedra (See

Figure 6).
• This tetrahedral shape is preserved within the transform tothe source space (ei-

therCIEXYZor CIELAB).
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• Thus, the model can be generalized to the entire space, usingtetrahedral interpo-
lation [Kasson et al., 1995]. It is considered in this case that the color space has
a linear behavior within the tetrahedron (e.g. the tetrahedron is small enough).

Fig. 5. The transform betweenRGB and CIELAB is not linear. Thus while using a linear
interpolation based on data regularly distributed inRGB, the accuracy is not the same every-
where in the colorspace. This figure shows a plot of regularlydistributed data in a linear space
(blue dot, left) and the resulting distribution after a cubic root transform (that mimicsCIELAB
transform)(red dots, right).

The most used way to define such a grid is to take directly a linear distribution of
points on each digitaldr , dg, anddb axis as seeds and to fill up the rest of the destina-
tion space. A tetrahedral structure is then built with thesepoints. The built structure is
used to retrieve anyRGBvalue needed to display a specific color inside the device’s
gamut. The more points are used to build the grid, the more thetetrahedra will be
small and the interpolation accurate. Each vertex is definedby Vi, j ,k = (Ri ,G j ,Bk),
whereRi =di , G j = d j , Bk =dk, anddi , d j , dk ∈ [0,1] are the possible normalized dig-
ital values, for a linear distribution.i ∈ [0,Nr −1], j ∈ [0,Ng−1], andk∈ [0,Nb−1]
are the indexes (integers) of the seeds of the grid along eachprimary, andNr (resp.
Nb, Ng) is the number of steps along channelR (resp.G, B).

Once this grid has been built, we define the tetrahedral structure for the interpola-
tion following Kasson et al. [1995]. Then we use the forward model to transform the
structure intoCIELAB color space. An inverse model has been built. According to
the non-linearity of theCIELAB transform, the size of the tetrahedra is not anymore
the same as it was inRGB. In the following section, a modification of this framework
is proposed that makes this grid more homogeneous in the source color space where
we perform the interpolation; this should lead to a better accuracy, following Groff
et al. [2000].

Let us consider the PLVC model inversion as example. This model inversion is
not as straightforward as the matrix based models previously defined. For a three pri-
maries display, according to Post and Calhoun [1989], it canbe performed defining
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Fig. 6. The two ways to split a cubic voxel in 5 tetrahedra. These two methods are com-
bined alternatively when splitting the cubic grid to guarantee that no coplanar segments are
crossing.5

all subspaces defined by the matrices of each combinations ofmeasured data (note
that the intercepts have to be subtracted, and once all the contributions are known,
they have to be added). One can perform an optimization process for each color
[Jimenez Del Barco et al., 1995], or define a grid inRGB, such as described above,
which will allow us to perform the inversion using 3D interpolation. Note that Post
and Calhoun have proposed to define a full LUT considering allcolors. They said
themselves that it is inefficient. Defining a reduced regulargrid in RGBleads to the
building of an irregular grid inCIELABdue to the non-linear transform. This irregu-
lar grid could lead to inaccuracy or a lack of homogeneity in interpolation, especially
if it is linear. Some studies addressed this problem [Thomaset al., 2008c,b]. They
built an optimized Look Up Table, based on a customizedRGBgrid.
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5 Quality evaluation

Colorimetric characterization of a color display device isa major issue for the ac-
curate color rendering of a scene. We have seen several models that could possibly
be used for this purpose, each of these models have their own advantages and weak-
nesses.

This section discusses the choice of a model in relation withthe technology and
the purpose. In the following, we explicit what is the need, then we discuss the eval-
uation of a model depending on the purpose. Before to conclude, we propose a qual-
itative comparison of some display characterization methods.

5.1 Purpose

Like any image processing technique, a display color characterization model has
to be chosen considering needs and constraints. For color reproduction, the need is
mainly the expected level of accuracy. The constraints depend mainly on two things:
the time and the measurement. The time is a major issue, because one may need
to minimize the time of establishment of a model, or its application to an image
(computational cost). The measurement process is criticalbecause one may need to
have access to a special device to establish the model. The constraint of money is
distributed on the time, the software and hardware cost, andparticularly on the mea-
surement device. We do not consider here some other featuresof the device, such as
spatial uniformity, gamut size, etc. but only the result of the point-wise colorimetric
characterization.

In the case of displays, the combination needs vs constraints seems to be in agree-
ment. Let us expose two situations:

• The person who needs an accurate color characterization (such as a designer or
a color scientist) has often a color measurement device available, is working in a
more or less controlled environment, and does not mind to spend 15-20 minutes
every day to calibrate his/her monitor/projector. This person may typically want
to use an accurate method, an accurate measurement device, to take care of the
temporal stability of the device, etc.

• The person who wants to display some pictures in a party or in aseminar, us-
ing a projector in an uncontrolled environment does not needa very accurate
colorimetric rendering. That is fortunate, because he/shedoes not have any mea-
surement device, does not have much time to perform a calibration or to properly
warm up the projector. However, this person needs the colorsnot to betray the
meaning she/he intends. In this case, a fast end-user characterization should be
precise enough. This person might use a visual calibration,or even better, a vi-
sual/camera based calibration. The method should be coupled to a user-friendly
software for making it easy and fast.

We can see a duality between two types of display characterization methods and
goals: the consumer, end-user purpose, which intends only to keep the meaning and
aesthetic unchanged through the color workflow, and the accurate professional one,
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which aims to have a very high colorimetric fidelity through the color workflow. We
see also through these examples that the constraints and theneeds are not necessarily
going in the opposite direction.

In the next section, we will relate the quality of a model withcolorimetric objec-
tive indicators.

5.2 Quality

Once a model is set-up, there is a need to evaluate its qualityto confirm we are within
the accuracy we wanted. In this section, we discuss how to useobjective indicators
for assessing quality.

Evaluation

A point-wise quality evaluation process is straightforward. We process a digital value
with the model to obtain a result and compare it in a perceptually pseudo-uniform
color space, typicallyCIELAB, with the measurement of the same input. Figure 7
illustrates the process.

The data set used to evaluate the model should be obviously different than the
one used to yield the model. The distribution of this data canbe either distributed
regularly or following a random distribution. Often, authors are chosing an evaluation
dataset distributed homogeneously in theRGBdevice space. This is a good choice,
since it will cover the whole device possibility. This can also be a good choice for
the comparison of one method over different devices. However, if one want to relate
the result to the visual interpretation of the signal throughout the whole gamut of
the device, it might be judicious to select an equiprobably distributed data set in a
perceptual color space. This means that most of the data willfall into low digital
values.

Fig. 7. Evaluation of a forward model scheme. A digital value is sentto the model and to the
display. A value is computed and a value is measured. The difference between these values
represents the error of the model in a perceptually pseudo-uniform color space.
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Quantitative evaluation

Once we have an estimation of the model failure, we would likebe able to say how
it is good or not for a given purpose. The ideal colorimetric case is to have an er-
ror below the Just Noticeable Difference6(JND). Kang [1997] stated on page 167
of his book that the JND is of 1∆E∗

ab unit. Mahy et al. [1994] study assessed that
the JND is of 2.3∆E∗

ab units. Considering that theCIELABcolor space is not per-
fectly uniform, it is impossible to give a perfect thresholdwith an euclidean metric7.
Moreover, these thresholds have been defined for simultaneous pair comparison of
uniform color patches. This situation almost never fit with adisplay use, it may then
not be the best choice when comparing color display devices.

In the case of∆E∗
ab thresholds for color imaging devices, many thresholds have

been used [Abrardo et al., 1996, Hardeberg, 1999, Schläpfer, 1993, Stamm, 1981].
Stokes et al. [1992] found a perceptibility acceptance for pictorial images of an av-
erage of 2.15 units. Catrysse et al. [1999] used a threshold of 3 units. Gibson and
Fairchild [2000] found acceptable a characterized displaythat has a prediction error
average of 1.98 and maximum of 5.57, while the non-acceptable has at the best an
average of 3.73 and a maximum of 7.63 using∆E∗

94.
Following is a set of thresholds that could be used to quantify the success of the

color control depending on the purpose. In Table 1, we distinguish between accurate
professional color characterization, which purpose is to ensure a really high qual-
ity color reproduction, and a consumer color reproduction,which aims only at the
preservation of the intended meaning, and relate the purpose with objective indica-
tors.

Considering the professional reproduction, let us consider the following rule of
thumb. If we want to reach a good accuracy we need to consider two indicators: the
average and the maximum error. Let us consider the average: from 0 to 1 is consid-
ered good, from 1 to 3 acceptable, and over 3 not acceptable. If now we consider
the maximum, from 0 to 3 is good, from 3 to 6 is acceptable, overis not accept-
able. If we compare this scale with the rule of thumb used by Hardeberg [1999], it
makes sense since below three it is hardly perceptible, the same if we look at the
work of Abrardo et al. [1996]. If we look at the JND proposed byKang [1997] or
Mahy et al. [1994] it seems to make sense since in both cases, the good is under
the JND. In this case we would prefer results to be good, and itmay be possible to
discard a couple model/display if it does not satisfy this condition. In the case of this
professional reproduction, it could be better to use the maximum error to discard a
couple model/display. Considering the consumer prediction, we propose to consider
that from 0 to 3 it is good, from 3 to 6 it is acceptable, and over6 it is not acceptable.
In this case we would rather accept methods that shows average results up to 6, since
it should not spoil the meaning of the reproduction. This is basically the same than

6A JND is the smallest detectable difference between a starting and secondary level of a
particular sensory stimulus, in our case two color samples.

7The JND while using∆E∗
00 should be closer to one than with other metrics but has still

been defined for simultaneous pair comparison of uniform color patches.
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the rule of thumb proposed by Hardeberg [1999],perceptible but acceptablebeing
the basic idea of preserving the intended meaning.

Table 1. This table shows the set of thresholds one can use to assess the quality of a color
characterization model, depending on the purpose.

∆E∗
ab Professional Consumer

Mean∆E∗
ab Max ∆E∗

ab Mean∆E∗
ab

−< 1 good
good good

1≤−< 3 acceptable

3≤−< 6
not acceptable

acceptable acceptable

6≤− not acceptablenot acceptable

5.3 Color correction

The different approaches presented in the previous sections are characterized by dif-
ferent parameters, such as the accuracy on a given technology, the computational
cost, the number of measurements required, etc.

The accuracy of the color rendering depends on the choice of both the method
and the display technology and features.

Display characteristics, such as temporal stability or spatial uniformity have to
be taken into account. Some of these parameters are studied in the literature, for in-
stance in [Thomas and Bakke, 2009, Bakke et al., 2009]. However, Table 2 presents a
qualitative summary of different display colorimetric characterization models based
on quality thresholds from Table 1, and on the experimentation on several displays
of different models in relation with the nature and number ofmeasurements needed.
The complete quantitative analysis of these models are presented in the literature
[Colantoni and Thomas, 2009], [Thomas et al., 2008a], [Mikalsen et al., 2008].

We only focus on five models that are a representative sampling of existing ones:
The Piecewise Linear assuming Variation in Chromaticity (PLVC) model [Post and
Calhoun, 1989, Jimenez Del Barco et al., 1995, Thomas et al.,2008a], Bala’s model
[Bala and Braun, 2006, Bala et al., 2007, Mikalsen et al., 2008], an optimized poly-
harmonic splines based model [Colantoni and Thomas, 2009],the offset corrected
Piecewise Linear assuming Chromaticity Constancy model (PLCC*) and the Gain-
Offset-Gamma-Offset (GOGO) [Cowan and Rowell, 1986, Post and Calhoun, 1989,
Berns et al., 1993b,a, Jimenez Del Barco et al., 1995, Katoh et al., 2001a,b].
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Table 2. Qualitative interpretation of different models based on Table 1. The efficiency of a
model is dependent on several factors: the purpose, the number of measurements, the nature
of the data to measure, the computational cost, its accuracy, etc. All these parameters depend
strongly on each display.

Model PLVC Bala PLCC* Polyharmonic splines GOGO

Type 54 (CIEXYZ) 1 to 3 visual 54 (Y) 216 (CIEXYZ) 3 to 54 (Y)

of measures tasks for measures measures measures

measurement 1 to 3 pictures3 (CIEXYZ) 3 (CIEXYZ)

Technology dependent dependent dependent independent CRT

Purpose Professional Consumer Professional Professional Consumer

or Consumer or Consumer

6 Conclusion and perspectives

Successful color-consistent cross-media color reproduction depends on a multitude
of factors. In this chapter we have reviewed briefly the stateof the art of this field,
focusing specifically on displays.

Device colorimetric characterization is based on a model, which can successfully
predict the relationship between the media value and the color itself. A model can be
based on knowledge on the device technology, then a few measurement or evaluation
is necessary. A numerical model based on measure only can be used too, which
requires usually more measurement, and requires to take care of more aspects, such
as an interpolation method and the distribution on the training data set.

Point-wise colorimetric characterization of displays is something that is working
considering objective indicators. Within this chapter, wereviewed different means to
achieve this result. Display technology is evolving reallyfast. New technology might
requires the definition of other types of models. For instance, this happened with
the emergence of multi-primaries devices, which means morethan three primaries,
there are some works that adress the transform from a set of N-primaries and a 3-D
colorimetric data.

This chapter only treated on point-wise, static models. A research direction could
be to define dynamic models, which could take into account thespatial uniformity,
the temporal stability, etc.

Within the last section of this chapter, we mainly wanted to show how we can
evaluate the quality of a couple display/color characterization model with the tools
we have in hands and to give an idea of how to select a model for agiven purpose.

In summary, the choice of a couple display/color characterization model depends
on the purpose. However, all the considerations we discussed are taking into account
colorimetric objective indicators. In the case of complex images, indicators based
on pointwise colorimetry show their limit. As far as we know,there are no com-
prehensive work addressing color fidelity and quality for complex color images on
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displays based on more human indicators. But there are some research initiated in
this direction.

Furthermore, to reach an efficient perceived quality of displayed images, we need
to relate the work on image quality metric and and the displaycolor rendering qual-
ity. That means to define an objective indicator for color image quality viewed on
displays related to the accuracy of the color rendering.

This point of view could be of benefit, particularly while considering new “in-
telligent” displays that adapt backlight to the image content. Such displays makes a
static model inefficient.
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Laurent Blondé, Jürgen Stauder, and Bongsun Lee. Inversedisplay characteriza-
tion: A two-step parametric model for digital displays.Journal of the Society for
Information Display, 17(1):13–21, 2009.

Behnam Bastani, Bill Cressman, and Brian Funt. Calibrated color mapping between
LCD and CRT displays: A case study.Color Research & Application, 30(6):438–
447, 2005.

Jurgen Stauder, Julien Thollot, Philippe Colantoni, and Alain Tremeau. De-
vice, system and method for characterizing a colour device.European Patent
WO/2007/116077, EP1845703, October 2007.

L. M. Kasson, S. I. Nin, W. Plouffe, and J. L. Hafner. Performing color space conver-
sions with three-dimensional linear interpolation.J. of Electronic Imaging, 4(3):
226–250, 1995.

Isaac Amidror. Scattered data interpolation methods for electronic imaging systems:
a survey.Journal of Electronic Imaging, 11(2):157–176, 2002.

F.L. Bookstein. Principal warps: Thin-plate splines and the decomposition of defor-
mations.IEEE Transactions on Pattern Analysis and Machine Intelligence, 11(6):
567–585, 1989. ISSN 0162-8828.



Contents 37

Gregory M. Nielson, Hans Hagen, and Heinrich Müller, editors. Scientific Visualiza-
tion, Overviews, Methodologies, and Techniques. IEEE Computer Society, 1997.

H. Akima. A new method of interpolation and smooth curve fitting based on local
procedures.Journal of the Association for Computing Machinery, 17:589–602,
1970.

Philippe Colantoni and Jean-Baptiste Thomas. A color management process for real
time color reconstruction of multispectral images. InLecture Notes in Computer
Science, volume 5575 of16th Scandinavian Conference, SCIA, pages 128–137,
2009.

Naoya Katoh, Tatsuya Deguchi, and Roy Berns. An accurate characterization of
CRT monitor (i) verification of past studies and clarifications of gamma.Optical
Review, 8(5):305–314, 2001a.

Naoya Katoh, Tatsuya Deguchi, and Roy Berns. An accurate characterization of CRT
monitor (II) proposal for an extension to CIE method and its verification.Optical
Review, 8(5):397–408, 2001b.

Nobuhiko Tamura, Norimichi Tsumura, and Yoichi Miyake. Masking model for
accurate colorimetric characterization of LCD.Journal of the Society for Infor-
mation Display, 11(2):333–339, 2003.

Senfar Wen and Royce Wu. Two-primary crosstalk model for characterizing liquid
crystal displays.Color Research & Application, 31(2):102–108, 2006.

Philippe Colantoni, Juergen Stauder, and Laurent Blonde. Device and method for
characterizing a colour device. European Patent 05300165.7, 2005.

Juergen Stauder, Philippe Colatoni, and Laurent Blonde. Device and method for
characterizing a colour device. EP1701555, September 2006.

Gaurav Sharma and Mark Q. Shaw. Thin-plate splines for printer data interpolation.
In Proc. ”European Signal Proc. Conf.”, September 2006.

W.B. Cowan and N. Rowell. On the gun independency and phosphor constancy of
color video monitor.Color Research & Application, 11:S34–S38, 1986.

Roy S. Berns, Mark E. Gorzynski, and Ricardo J. Motta. CRT colorimetry. part II:
Metrology.Color Research & Application, 18(5):315–325, 1993a.

D. H. Brainard. Calibration of a computer-controlled colormonitor.Color Research
& Application, 14:23–34, 1989.

William B. Cowan. An inexpensive scheme for calibration of acolour monitor in
terms of CIE standard coordinates.SIGGRAPH Comput. Graph., 17(3):315–321,
1983.

Roy S. Berns, Ricardo J. Motta, and Mark E. Gorzynski. CRT colorimetry. part I:
Metrology.Color Research & Application, 18(5):299314, 1993b.

G. Sharma. Digital Color Imaging Handbook. CRC Press, 2003. ISBN: 978-
0849309007.

Yasuhiro Yoshida and Yoichi Yamamoto. Color calibration ofLCDs. InTenth Color
Imaging Conference, pages 305–311. IS&T - The Society for Imaging Science
and Technology, 2002. Scottsdale, Arizona, USA.

Y. Kwak and L. MacDonald. Characterisation of a desktop LCD projector.Displays,
21(5):179–194, 2000.



38 Contents

Y. Kwak, C. Li, and L. MacDonald. Controling color of liquid-crystal displays.
Journal of the Society for Information Display, 11(2):341–348, 2003.

David L. Post and Christopher S. Calhoun. An evaluation of methods for producing
desired colors on CRT monitors.Color Research & Application, 14:172–186,
1989.

Attila Neumann, Alessandro Artusi, Georg Zotti, Laszlo Neumann, and Werner Pur-
gathofer. Interactive perception based model for characterization of display de-
vice. In Color Imaging IX: Processing, Hardcopy, and Applications IX, volume
5293, pages 232–241. SPIE Proc., Dec 2003.

Espen Bårdsnes Mikalsen, Jon Yngve Hardeberg, and Jean-Baptiste Thomas. Verifi-
cation and extension of a camera-based end-user calibration method for projection
displays. InCGIV, pages 575–579, Jun 2008.

Raja Bala and Karen Braun. A camera-based method for calibrating projection color
displays. InFourteenth Color Imaging Conference, pages 148–152. IS&T/SID,
2006. Scottsdale, Arizona, USA.

Raja Bala, R. Victor Klassen, and Karen M. Braun. Efficient and simple methods
for display tone-response characterization.Journal of the Society for Information
Display, 15(11):947–957, 2007.

R.V. Klassen, R. Bala, and N. Klassen. Visually determininggamma for softcopy
display. InProcedeedings of the thirteen’s Color Imaging Conference, pages 234–
238. IS&T/SID, 2005.

David R. Wyble and Hongqin Zhang. Colorimetric characterization model for dlp
projectors. InProcedeedings of the eleventh Color Imaging Conference, pages
346–350. IS&T, 2003.

David R. Wyble and Mitchell R. Rosen. Color management of dlpprojectors. InPro-
ceedings of the twelfth Color Imaging Conference, pages 228–232. IS&T, 2004.

L. Jimenez Del Barco, J. A. D̃Aaz, J. R. Jimenez, and M. Rubino. Considerations on
the calibration of color displays assuming constant channel chromaticity. Color
Research & Application, 20:377–387, 1995.

Ellen A.. Day, Lawrence Taplin, and Roy S.. Berns. Colorimetric characterization
of a computer-controlled liquid crystal display.Color Research & Application, 29
(5):365–373, 2004.

Matthew Anderson, Ricardo Motta, Srinivasan Chandrasekar, and Michael Stokes.
Proposal for a standard default color space for the internet: srgb. InFourth Color
Imaging Conference, pages 238–245. IS&T/SID, 1995.

David H. Brainard, Denis G. Pelli, and Tom Robson.Display Characterization. John
Wiley & Sons, Inc., 2002. ISBN 9780471443391.

Williard W. Farley and James C. Gutmann. Digital image processing systems and an
approach to the display of colors of specified chrominance.Technical report HFL-
80-2/ONR-80, Virginia Polytechnic Institute and State University, Blacksburg, VA,
1980.

David L. Post and Christopher S. Calhoun. Further evaluation of methods for produc-
ing desired colors on CRT monitors.Color Research & Application, 25:90–104,
2000.



Contents 39

Jean-Baptiste Thomas, Jon Y. Hardeberg, Irene Foucherot, and Pierre Gouton. The
plvc color characterization model revisited.Color Research & Application, 33(6):
449–460, 2008a.

Jean-Baptiste Thomas, Jon Y. Hardeberg, Irene Foucherot, and Pierre Gouton. Ad-
ditivity based LC display color characterization. In J. Y. Hardeberg, P. Nussbaum,
and I. Farup, editors,Proc. of Gjøvik Color Imaging Symposium, volume 3 ofProc.
of Gjøvik Color Imaging Symposium, pages 50–55, 2007.

David Alleysson and Sabine Susstrunk. Color characterisation of the digital cinema
chain. Inresearch report, part II, EPFL, Switzerland, 2002.

ISHII Ado. Color space conversion for the laser film recorderusing 3-d lut.SMPTE
Journal, 16(11):525–532, 2002.

Seo Young Choi, Ming Ronnier Luo, Peter Andrew Rhodes, Eun GiHeo, and Im Su
Choi. Colorimetric characterization model for plasma display panel. Journal of
Imaging Science and Technology, 51(4):337–347, 2007.

M. Fairchild and D. Wyble. Colorimetric characterization of the Apple Studio dis-
play (flat panel LCD).Munsell Color Science Laboratory Technical Report, 1998.

G. Sharma. LCDs versus CRTs: Color-calibration and gamut considerations.Pro-
ceedings of the IEEE, 90(4):605–622, April 2002. special issue on Flat Panel
Display Technologies.

Lars Seime and Jon Y. Hardeberg. Colorimetric characterization of LCD and DLP
projection displays.Journal of the Society for Information Display, 11(2):349–
358, 2003.

Roy Berns. Methods for characterizing CRT displays.Displays, 16(4):173–182,
1996.

CIE. The relationship between Digital and Colorimetric Data forComputer-
Controlled CRT displays. CIE, Publ 122, 1996.

O. Arslan, Z. Pizlo, and J. P. Allebach. CRT calibration techniques for better accu-
racy including low-luminance colors. In R. Eschbach and G. G. Marcu, editors,
Color Imaging IX: Processing, Hardcopy, and Applications.Edited by Eschbach,
Reiner; Marcu, Gabriel G. Proceedings of the SPIE, Volume 5293, pp. 286-297
(2003)., volume 5293 ofPresented at the Society of Photo-Optical Instrumenta-
tion Engineers (SPIE) Conference, pages 286–297, December 2003.

Gabriel G. Marcu, Wei Chen, Kok Chen, Peter Graffagnino, andOlav Andrade.
Color characterization issues for TFT-LCD displays. InProc. SPIE, volume 4663,
pages 187–198. Proc. SPIE, 2001.

Jon Y. Hardeberg, Lars Seime, and Trond Skogstad. Colorimetric characterization
of projection displays using a digital colorimetric camera. volume 5002, pages
51–61. proc. SPIE, 2003.

IEC:61966-3. Color measurement and management in multimedia systems and
equipment, part 3: Equipment using CRT displays. IEC, 1999.

P. Yeh and C. Gu.Optics of Liquid Crystal Display. Wiley, New-York, 1999. ISBN:
978-0471182016.

Roy S. Berns, Scot R. Fernandez, and Lawrence Taplin. Estimating black-level emis-
sions of computer-controlled displays.Color Research & Application, 28(5):379–
383, 2003.



40 Contents

Jean-Baptiste Thomas, Philippe Colantoni, Jon Y. Hardeberg, Irène Foucherot,
and Pierre Gouton. A geometrical approach for inverting display color-
characterization models.Journal of the Society for Information Display, 16(10):
1021–1031, 2008b.

Michael Stokes. Method and system for analytic generation of multi-dimensional
color lookup tables, March 1997. United States Patent 5612902.

J. Z. Chan, J. P. Allebach, and C. A. Bouman. Sequential linear interpolation of
multidimensional functions.IEEE Transactions on Image Processing, 6:1231–
1245, September 1997.

Richard E. Groff, Daniel E. Koditschek, and Pramod P. Khargonekar. Piecewise
linear homeomorphisms: The scalar case. InIJCNN (3), pages 259–264, 2000.

S. Dianat, L.K. Mestha, and A. Mathew. Dynamic optimizationalgorithm for gen-
erating inverse printer map with reduced measurements.Proceedings of Inter-
national Conference on Acoustics, Speech and Signal Processing, IEEE, 3, May
2006.

Donald Shepard. A two-dimensional interpolation functionfor irregularly-spaced
data. InProceedings of the 1968 23rd ACM national conference, pages 517–524,
New York, NY, USA, 1968.

R. Balasubramanian and M. S. Maltz. Refinement of printer transformations using
weighted regression. In J. Bares, editor,Proceedings of Society of Photo-Optical
Instrumentation Engineers (SPIE), volume 2658, pages 334–340, March 1996.

Daniel E. Viassolo, Soheil A. Dianat, Lalit K. Mestha, and Yao R. Wang. Practical
algorithm for the inversion of an experimental input-output color map for color
correction.Optical Engineering, 42(3):625–631, 2003.

Jean-Baptiste Thomas, Philippe Colantoni, Jon Y. Hardeberg, Irene Foucherot, and
Pierre Gouton. An inverse display color characterization model based on an op-
timized geometrical structure. Inproc. SPIE, volume 6807, pages 68070A–1–12.
SPIE, 2008c.

H. R. Kang, editor.Color technology for electronic imaging devices. SPIE Press,
1997. ISBN: 978-0819421081.

M. Mahy, L. V. Van Eycken, and A. Oosterlinck. Evaluation of uniform color spaces
developed after the adoption of cielab and cieluv.Color Research & Application,
19(2):105–121, 1994.

A. Abrardo, V. Cappellini, M. Cappellini, and A. Mecocci. Art-works colour calibra-
tion using the vasari scanner. InColor Imaging Conference, pages 94–97. IS&T,
1996.

J. Y. Hardeberg.Acquisition and reproduction of colour images: colorimetric and
multispectral approaches. These de doctorat, Ecole Nationale Superieure des
Telecommunications, ENST, Paris, France, janvier 1999.
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